www.ijrream.in

Impact Factor: 2.9463

INTERNATIONAL JOURNAL OF RESEARCH REVIEW
IN ENGINEERING AND MANAGEMENT (IJRREM)
Tamilnadu-636121, India
Indexed by

Scribd impact Factor: 4.7317, Academia Impact Factor: 1.1610
ISSN NO(Online ) : AP No :19702
RNI No :2017103794

A Novel Approach on Reinforcement Learning and Deep Learning
Prof .R.Vijaya Lakshmi
Asst.Professor
Department of computer science Engineering
Alliance University
Chandapura - Anekal Main Road, Anekal,
Bangalore – 562106, Karnataka , India
Mail id :vijaya.lakshmi@alliance.edu.in
Mobile No :8072404872
Prof. Radha
Asst.Professor
Department of computer science Engineering
Alliance University
Chandapura - Anekal Main Road, Anekal,
Bangalore – 562106, Karnataka , India
Mail id : radha.r@alliance.edu.in
Mobile No : :8971325124
International Journal of Research Review in Engineering and Management (IJRREM), Volume 2, Issue -12,December -2018, Page No: 1-10, Impact Factor: 2.9463, Scribd Impact Factor:
4.7317, Academia Impact Factor: 1.1610
Page 1

www.ijrream.in

Impact Factor: 2.9463

INTERNATIONAL JOURNAL OF RESEARCH REVIEW
IN ENGINEERING AND MANAGEMENT (IJRREM)
Tamilnadu-636121, India
Indexed by

Scribd impact Factor: 4.7317, Academia Impact Factor: 1.1610
ISSN NO(Online ) : AP No :19702
RNI No :2017103794

ABSTRACT
Deep learning sparkles on problem domains where the inputs (and even output) are
analog. Meaning, they are not a few measures in a tabular format but instead are pictures of
pixel data, documents of text data or files of audio data. Deep Reinforcement Learning can be
defined as a wisdom of what to do, how to record events to actions so as to increase a numerical
reward signal. The initiate is not educated on what actions is to be taken, as in most forms of
machine learning, but instead must discover which actions result in the most reward by
trying.DeepMind made the invention of combining deep learning techniques with reinforcement
learning to handle composite learning problems like game playing, famously demonstrated in
playing Atari tournaments and the game Go with Primary Go. In keeping with the naming, they
called their new technique a Bottomless Q-Network, combining Deep Learning with Q-Learning.
They also name the broader field of study
Keywords—Deep learning; Reinforcement Learning; Neural Networks.
I. Introduction
Deep Learning depends on the concept of minimizing the mean absolute percentage error
which is an indication of the high performance of the forecast procedure. Apart from the overlap
duty cycle with its high Percentage is a reflection of the speed of the processing operation of the
classifier.
The consequences depict that the proposed set of rules reduces the absolute percent errors
by using half of the value and upsurge the percentage of the overlap duty cycle with 25%.It holds
the promise of making significant progress on challenging applications requiring both rich
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perception and policy-selection. Reinforcement learning has made substantial progress on theory
and algorithms for policy selection (the distinguishing problem of Reinforcement learning L),
but these contributions have not directly addressed problems of perception. Deep learning
approaches have made remarkable progress on the perception problem (e.g., [11, 13]) but do not
directly address policy selection.
Reinforcement learning and Deep Learning methods discuss the generality, they both
intend to minimize or eliminate domain-specific engineering, while providing “off-the-shelf”
performance that competes with or exceeds systems that exploit control heuristics and handcoded features. Combining modern Reinforcement Learning and Deep Learning approaches .It
offers the potential for different methods that exhibit challenging applications requiring both rich
sensitivity and policy-observation.

II .Literature Review
Many of researches have been working on describing the performance of deep learning.
A deep valuation network to conquer the abovementioned barriers is added in [7]. This deep
community adds complementary additives, a pixel degree completely convolution flow and a
section-sensible spatial pooling flow. Nian Liu and Junwei Han in [8] propose a novel quittosurrender deep hierarchical saliency network (DHSNet) based totally on neural networks for
detecting salient-gadgets. The popular Q-learning algorithm is known to overvalue action values
under certain conditions. It was previously unknown whether, in reality, such observations are
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common, whether this hampers efficiency and performance, and will they can be generally be
avoided. We answer all these questions agreeably.
An experiment turnaround time remains a key bottleneck in research and in practice. We
investigate how to optimize existing deep Reinforcement Learning algorithms for modern
computers, specifically for a combination of CPUs and General processing units. We conclude
that both policy gradient and Q-value learning algorithms can be adapted to learn using many
comparable emulator instances. We observed that it is possible to train using batch sizes
considerably larger than are standard, without having negative impact, affecting sample
complexity or final performance of the system.
We influence these facts to build a unified structure for parallelization that radically
speeds experiments in both classes of algorithm. All neural network calculations use General
Processing units, quickening both data collection and training.Autonomous reinforcement
learning can be imagined as a blind person navigating the world with their ears and a white cane.
Agents have small windows that allow them to observe their environment, and those spaces may
not even be the most accurate way for them to get what’s around them.
The theory of reinforcement learning offers a normative account, extremely rooted with
psychological and neuroscientific perceptions on physical behaviour, of how agents may
optimize their control of a surroundings. To use reinforcement learning effectively in situations
approaching real-world difficulty, however, agents are threatened with a difficult task: they must
derive efficient demonstrations of the environment from high-dimensional physical inputs, and
use these to generalize earlier experience to new situations. Abnormally, humans and other
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animals seem to solve this problem through a symphonic combination of reinforcement learning
and classified sensory processing systems, the previous proved by a wealth of neural data
revealing famous parallels between the phasic signals emitted by dopaminergic neurons and
progressive difference reinforcement learning algorithms.
We use the concepts of agents to understand Reinforcement learning, environments,
states, actions and rewards, all of which we will discuss below. Uppercase letters symbolizes sets
of things, and small letters denote a specific instance of that thing; e.g. A is all probable actions,
while ’a’ is a specific action checked in the set.


Agent: An agent takes actions; for example, a buzz making a delivery, or Super Mario
piloting a video game. The algorithm is the agent. In real-time, the agent is you.



Action (A): A is the set of all likely moves the agent can style. An action is almost
understandable, but it should be noted that agents pick among a list of likely actions. In
video games, the list might include moving right or left, hopping high or low, squatting or
standing still. In the stock markets, the list contains buying, selling or holding any one of a
range of securities and their derivatives. When handling aerial drones, substitutions would
include many diverse velocities and accelerations in 3D space.



Discount factor: The discount factor is reproduced by future rewards as discovered by the
agent in order to reduce thse rewards’ effect on the agent’s choice of action. The question is
to know why it is intended to make future rewards price less than immediate rewards; i.e. it
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enforces a kind of short-term high-living in the agent. Often exhibited with the lower-case
Greek letter gamma: γ. If γ is .10, and there’s a reward of 10 points after 3 time steps, the
present value of that reward is 0.10³ x 10. A reduction factor of 1 would make future
rewards value just as much as immediate rewards. The point to be considered here is the
delayed fulfillment.


Environment: The biosphere over which the agent moves. The environment takes the
agent’s current state and action as input, and returns as output the agent’s incentive and its
next state. If you are the agent, the environment might be the laws of physics and the rules
of society that route your actions and determine the penalties of them.
State (S): A state is a material and hasty situation in which the agent finds itself; i.e. a

definite place and instant, an instantaneous outline that puts the agent in relative to other
significant things such as tools, obstacles, enemies or prizes. It can be the present-day situation
returned by the atmosphere, or any future situation. Were you ever in the wrong residence at the
incorrect time? That’s a state.
Reward (R): A reward is the standards by which we rate the success or disaster of an
agent’s behavior. For example, in a video game, when agent touches a coin, points are credited.
At any state, a manager outputs in terms of actions to the outside domain, and the environment
adopts and proceeds the agent’s new state that resulted from acting on the earlier state, as well as
rewards. Rewards may be spontaneous or delayed in terms of time. They successfully assess the
agent’s action.
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Policy (π): The strategy is the approach that the agent works to determine the next action
centered on the current state. It maps situations to actions, the actions that talent the highest
reward.
Value (V): The predictable long-term return with discount, as different to the short-term
reward R. The Vπ(s) is distinct as the predictable long-term return of the current state under
policy π. We markdown rewards, or lesser their estimated value, the further into the future they
occur. See discount factorQ-value or action.
Value (Q): Q-value is comparable to Value, excluding that it takes an added parameter,
the current action a. Qπ(s, a) refers to the long-term return of the current state s, compelling
action a under policy π. Q maps state-action pairs to rewards. Note the difference between Q and
policy.
Trajectory: An arrangement of states and actions that impact those states. From the Latin
“to toss across.” The generation of an agent is but a ball tossed high and twisted through spacetime.Neural networks are the manager that learns to map state-action couples to rewards. Like all
neural networks, they use factors to approximate the function connecting inputs to outputs, and
their education consists to finding the right coefficients, or weights, by iteratively correcting
those weights along gradients that talent less error.
In reinforcement learning, convolution networks can be used to distinguish an agent’s
state; e.g. the curtain that Mario is on, or the terrain before a drone. That is, they achieve their
characteristic task of image recognition. But convolution networks originate different
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clarifications from images in reinforcement learning than in supervised learning. In supervised
learning, the network smears a label to an image; that is, it competitions designations to pixels.
III .Conclusion
Deep-learning strategies are representation-learning methods with numerous levels of
illustration, obtained by constituting simple but non-linear units that each transform the depiction
at one level (starting with the raw input) into a depiction at a higher, slightly more abstract level..

The key facet of deep learning is that these layers of landscapes are not designed by human
engineers: they are learned from data using a general-purpose knowledge procedure. This is an
agreeable and generic an explanation, and could easily label most artificial neural network
algorithms.
It is also a decent note to end on. Deep learning is a noteworthy pitch in machine learning
using Artificial Intelligence. Usage of these systems depends on its behavior and performance.
The proposed set of rules can upsurge the overall performance of the deep gaining knowledge of
system by means of the preceding values. And it within the matching time can uphold the values
of active duty cycle. Also, it preserves the mixed integer symbol of input data units and the
durability of the system.
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